Advances in genome engineering have enabled routine engineering and interrogation of microbial resistance on a scale previously impossible, but developing an integrated understanding of resistance from these data remains challenging. As part of our continued efforts to address this challenge, we present a significant update of our previously released Resistome database of standardized genotype-resistance phenotype relationships, along with a new web interface to enable facile searches of genomic, transcriptomic, and phenotypic data within the database. Revisiting our previous analysis of resistance, we again find distinct mutational biases associated with random selection versus genome-scale libraries, along with pervasive pleiotropy among resistant mutants.
Introduction
Microbial stress resistance has significant implications for human health and industrial biotechnology. For example, antibiotic treatments may fail as resistance-encoding elements are acquired via horizontal gene transfer or evolution (1 ) and biocatalysts should endure extremes of pH, temperature, osmotic strength, and product toxicity in industrial fermentation (2 , 3 ) . While decades of research have provided the tools to examine the molecular mechanisms underlying genotype-phenotype relationships, our ability to generate and characterize resistance mutants via selection (4 -8 ) and screening genome-scale libraries (9 -12 ) has outstripped improvements in our ability to leverage these voluminous datasets for forward engineering or prediction of resistance. Leveraging the accumulating biological knowledge for the rational engineering and prediction of complex phenotypes is therefore one of the key challenges facing synthetic biologists and metabolic engineers today.
The previously introduced Resistome database began addressing this challenge by collating resistant Escherichia coli genotype and phenotype data into a single, standardized data corpus (13 , 14 ) . These data form the core of our effort to understand the molecular mechanisms of these phenotypes, contextualize novel mutants generated in future studies, and to develop data-driven strategies for engineering or limiting resistance. Ultimately, the goal of combining these datasets is to enable the rational construction or identification of stresstolerant mutants by coupling increasingly inexpensive genomic data with powerful machine learning tools to build predictive models of phenotypic traits. As machine learning-guided strain engineering is increasingly an effective route for improving performance if sufficient high quality data is available (15 -17 ) , this statistical approach may eventually offer an effective route for forward engineering of phenotypes, even if understanding their underlying molecular mechanisms remains challenging (18 ) .
In this work, we describe the latest improvements to the Resistome, with a particular focus on the recent development of a public user interface to enable end users to search and query the database for mutations of interest. A total for 45 additional studies have been added to the database, bringing the total to 400 curated datasets overall, and a variety of new tools to examine the implications of mutations and altered expression patterns have been included. After discussing database implementation improvements to improve accuracy and ease of use, we update our previous analysis of E. coli resistance at the fieldwide genomic, regulatory, and proteomic levels, and then re-examine statistically significant pleiotropic interactions between phenotypes to determine the extent of pleiotropy exhibited by engineered or evolved mutants. We then evaluate the feasibility of phenotype predictions using neural networks to evaluate the Resistome as a source of training data. Finally, we discuss the challenges of data curation on a field-wide basis and possible improvements to sequencing technology that may help expand the Resistome further and enable better phenotype prediction.
Methods and Materials

Software Distribution and Implementation
The Resistome repository is located here: https://bitbucket.org/jdwinkler/resistome release and can be freely downloaded, modified, and redistributed so long as the original attribution is maintained. Biocyc databases must be obtained separately due to their licensing terms (19 ) . Python 2.7.15 was used to implement the Python pipeline for database construction and analysis, while Python 3.6.0 was used to run Tensorflow for neural network training. The user interface is hosted on the Heroku cloud platform at https://resistomeweb-interface.herokuapp.com.
Data Sources and Database Implementation
Data were obtained by manual literature curation from 400 papers and stored in a key-value text format for later parsing and validation as previously described (13 , 14 ) . Phenotypes were assigned both general and specific classifications to enable efficient data analysis on subsets of the data. Each record in the Resistome corresponds to a uniquely identified study containing at least one mutant or expression dataset, along with any associated metadata. Postgres database with an in-house script, are used to provide biological information to annotate gene properties and other host information. The database schemas, scripts needed to build the database from raw key-value data, and installation instructions are included to allow users to build their own Resistome distribution on their system.
Supporting Tools and Data Sources
In addition to the database creation pipeline and supporting Biocyc databases, the Resistome employs a wide variety of data sources and tools to facilitate analysis of genotype-phenotype relationships. Data visualizations for this work were generated using adapted Matplotlib 2.0.2 functionality as well as Circos (20 ) for display of circular genomes. Statistical analysis was performed using Scipy 0.17.0 and Numpy 1.12.1; a maximum of P = 0.05 was used as the significance threshold in all tests, with more stringent significance criteria used as noted. Tensorflow 1.7.0rc1 in Python 3.6.0 was used for evaluating the practicality of phenotype prediction using neural networks.
Several conceptually similar but more targeted genotype-phenotype databases have been incorporated into the Resistome (5 , 21 , 22 ) . In the case of ChemGen (21 ) , only mutants with 2.5-fold or greater perturbations in growth were recorded as resistant or sensitive mutants (13 ). Estimates of the functional impact of mutations were obtained using SNAP2 and INPS (23 , 24 ). E. coli regulatory network data was obtained from RegulonDB (25 ) and EcoliNet V1 (26 ). A recently released mapping of gene knockouts to perturbed metabolites was also added to allow users to examine mutational impacts at the metabolomic level (27 ).
Tensorflow Model Training
Tensorflow deep neural network model training data were extracted from the Resistome in the form of sets of affected biological processes (determined by gene ontology), converted from the genotype of each mutant. For each phenotype class, these data were randomly split into training and evaluation datasets. Training data was randomly resampled with replacement to obtain 500 genotypes for training; note that some phenotype classes in the Resistome contain fewer than this number of mutants, so repeated data may contribute to overfitting for rarer genotype-phenotype combinations. After evaluating different network architectures, a single hidden layer of 32 sigmoid activation nodes was trained to predict phenotype class from biological process perturbations over 50 epochs. The network architecture and training periods were chosen empirically without extensive optimization. Each phenotype class was predicted using a distinct model; model accuracy was measured by using the evaluation dataset.
Results and Discussion
Database updates and quality control
Utilizing the initial release of the Resistome required users to download the distribution and other software, and then familiarize themselves with the custom software pipeline. To reduce these barriers, we initially focused on enabling users to integrate the Resistome into their own software tools. We therefore converted the Resistome into a SQL database where the same key-value data are stored as records with a well-defined structure to break this tight coupling between stored data and our software pipeline implementation. While some knowledge of a programming language and relational databases is still required to query this form of the Resistome, researchers need only the defined schema to build their own analysis tools, obviating the need to modify the provided Resistome software pipeline. Most programming languages routinely used for scientific computation are able to interface with SQL databases, allowing flexibility in the tooling used with the database.
To further simplify access, we developed a simple web interface hosted at https://resistomeweb-interface.herokuapp.com that allows users to make simple gene, phenotype, or similaritybased searches of the database. Researchers can therefore perform common analyses that are needed when examining novel resistant mutants: searching for phenotypes associated with a set of mutated genes and vice versa, and identifying genotypes similar to a set of mutated or differentially expressed genes. As a result, searches can be performed once genotypic or phenotypic data is available to identify related mutations, removing the need for any manual programming and ensuring that the most up to date version of the Resistome is used.
With these accessibility enhancements in place, our focus shifted towards improving the quality of curated data. Depending on the size of a given dataset, curation fidelity can be compromised by human error by the curator if performed manually, while datasets describing hundreds or thousands of mutants are processed through custom parsers processing author-provided genetic and expression datasets. Due to the wide variability in published dataset formats and mutation annotations, the custom parsing required for large datasets is a common source of curation errors. After implementing a quality control filter to identify potential curation mistakes, we successfully detected problematic gene names, mutation locations, annotation formatting, and other errors that have since been corrected. All Resistome records conform to the minimum standards enforced by the pipeline, reducing the likelihood of observing the same errors in the future.
The second type of error is disagreement between provided literature data and current biological reference sources. For example, SNP and missense changes in the Resistome are specified using a wild-type allele or residue, location, and the resulting sequence change observed in the sequence mutants. However, 44.2% of SNP mutations in the Resistome specify wild-type alleles that do not match the corresponding base in the current E. coli MG1655, REL606, and W genome sequences, even after adjusting for changes in reference genomes over time. Missense mutations have a much lower rate of disagreement between curated and reference data: only 5.6% of specified wild-type amino acid residues did not match the recorded polypeptide sequence. One method for simultaneously addressing the myriad potential sources of these discrepancies and simplifying data curation may be to publish genotype data as genome difference files explicitly defining the reference genome, as seen in some studies (28 ). Alternatively, repeating genome reassembly using archived reads is an option if sufficient storage and computational resources are available, as is increasingly the case for synthetic biology laboratories.
Revisiting the Resistome mutant collection
The Resistome currently contains 12,829 E. coli MG1655, REL606 (B), and W mutants with a combined total of 460 different phenotypes, accompanied by 247 gene expression datasets (Table 1) . These phenotypes were not studied at random; societal needs drive examination of antibiotic resistance or solvent tolerance phenotypes within particular species due to their practical relevance to human needs. Antibiotic resistance is the most common phenotype class exhibited by Resistome mutants (Figure 1 ). Solvent and organic acid resistance phenotypes are also frequently characterized as part of attempts to understand product and feedstock toxicity common in industrial bioprocesses (29 , 30 ). Depending on industrial and medical needs, it is possible that these trends may shift significantly in the future; for instance, identifying loci affecting phage resistance may become a research focus again due to interest in augmenting traditional antibiotic therapy with targeted phage treatments (31 ).
The scale of genotype-phenotype interrogation continues to grow, as each curated study contains 179 mutants on average. However, 92% of all mutants, being principally derived from genome-scale libraries, possess a single mutation per strain. The remaining mutants, with an average of 73 mutations per strain (σ = 395), were obtained from studies using random mutagenesis or adaptive evolution that routinely generate lineages of mutants with multiple mutations due to their large population sizes and mutation rates (32 , 33 ). Some of the newly curated studies also contain mutator strains, leading to an inflation in the mutations per strain statistics compared to the original Resistome release. While untargeted and prone to accumulating hitchhiking mutations, random selections are able to explore combinations of mutations that are otherwise inaccessible for designed libraries due to the combinatorial explosion of mutation possibilities: E. coli MG1655 has 4,501 genes, so a library containing every double mutant has on the order of nine million mutants if synthetic lethality is neglected. While still an infeasible scale, parallel editing technologies that could enable less targeted multi-locus genomic libraries continue to improve rapidly (34 -37 ).
The differences between random and rationally-designed library studies are similar to those found previously (Table 2) . Overall, a few mutation types in the Resistome predominate ( Figure 2 ): deletions, transposon insertions, and SNPs comprise the majority of observed mutations, with designed mutants containing mainly deletion and overexpression mutations compared to the 10.8 different types of mutations in random mutants on average.
Mutations affecting essential genes are underrepresented in targeted libraries as a result of their limited mutational spectra, as essential genes are mutated 10.5 times more often in ran-dom selections. These differences in the constraints governing random and designed library studies translate into more comprehensive perturbation of gene ontology biological processes for random studies (36.9 vs. 9.5 GO biological processes, P = 1.7 * 10 −278 , two-tailed t-test), which may indicate generating diverse mutations within a host may be more effective at identifying genotype-phenotype relationships than gene deletion or overexpression only.
An overview of Resistome mutations
There are approximately 29,000 mutations in 7,148 unique genes over all three E. coli strains recorded in the Resistome. A complete list of mutated genes, including their associated phenotypic and annotation metadata, is available in Table S1 . Mutational coverage of the genome (Figure 7 ) is almost complete: only a small fraction (176/4501, 3.9%) of MG1655 genes are not yet associated with at least one resistance phenotype, speaking to the effectiveness of genomic libraries, random selections, and higher throughput screening to identify genotype-phenotype linkages. Non-mutated genes are generally transfer RNA or transposonrelated based on their annotated functions (Table 3) ; their apparent lack of phenotypic impact is probably due to a combination of these genes genuinely not affecting screened phenotypes directly and not being included in most genomic libraries. The 25 most frequently mutated genes account for 6.7% of all mutated genes, about 19.3-fold more than would be expected than the null expectation that all genes are equally likely to influence resistance.
Mutated genes related to transcription, translation, DNA replication, and maintaining ion homeostasis are frequently enriched compared to that expected for the E. coli genome.Each class has peculiarities that account for differences in stress conditions; for example, an increase in mutations affecting topoisomerase functions is observed for antibiotic (fluoroquinolone) resistance. A complete list of these enriched tags and their significance is provided for reference in Table S2 . While these findings are not surprising overall, they serve as a reference for researchers to understand which biological processes are likely to be affected if they are attempting to generate novel mutants. Pleiotropy appears to be common among resistant mutants due to the number of phenotypes associated with each gene ( Figure 3A ) across the database. Regulator-driven adaptation is an excellent example of this phenomenon, as mutated regulators frequently confer resistance phenotypes across the entire range of phenotype classes in the Resistome ( Figure   8 ). Since understanding the root cause of phenotypes associated with the mutation of global regulators typically requires extensive analysis following their identification (38 -41 ), finding routes to limit the mutation of regulators and other genes with outsized phenotypic impacts may, paradoxically, simplify the characterization and subsequent re-engineering of resistanceconferring mutations into other strain backgrounds. After counting gene-phenotype mappings identified in the Resistome, only 326 MG1655 genes were associated with one resistance phenotype. One to one mappings between mutations and a phenotype appear to be rare, implying that most mutants will need to be re-engineered or selected with care to reduce off-target traits associated with evolved biocatalysts (42 ) .
Sequencing technology plays a key role in rapid genotype interrogation for all types of resistance-related studies. Assigning mutations within duplicated regions and genotyping mixed populations of unknown genotypes remains challenging as mutations are separated by a median of 440 kilobases ( Figure 3B ). Clonal isolates must therefore be obtained for genotyping as otherwise short reads cannot provide linkage information, though the frequencies of individual mutations within the population can still be tracked (32 , 43 , 44 ) . Designed genome-scale libraries circumvent this issue with genotype-associated barcodes that can fit into a single read, enabling the use of population-level sequencing to assign fitness scores without handling isolates (10 , 45 ). A combination of long-read sequencing technology to capture multiple mutations per read and algorithmic improvements to reconstruct the corresponding complete genotypes may therefore allow faster characterization of novel genotype-phenotype relations, as has already been demonstrated elsewhere for defined mixed populations (46 ) .
Genomic and proteomic mutation signatures
Mutations are not randomly distributed throughout the genome, independent of sequence content and context, and the resulting mutational biases have a significant impact on resistance acquisition. Indels, one of the major classes of mutations to occur randomly in evolved mutants, often occur in or near homopolymeric runs (contiguous identical bases) as a result of polymerase slippage (47 ) and can disrupt coding sequences and regulatory sites depending on where they occur. For the 1,390 insertions or deletions included in the database that can be localized to the MG1655 genome, 26.7% occur in the vicinity of (not necessarily within) a homopolymeric run containing at least three identical bases. The majority (1142/1390) of these indels are found outside of coding sequences.
SNPs are the second type of mutation to occur frequently in Resistome mutants, and can be recorded as explicit nucleotide mutations or indirectly as residue changes within polypeptides; in the latter case, the likely underlying nucleotide change can often be inferred from genetic code constraints on amino acid replacements (48 ) . E. coli SNPs are known to be biased towards transition (G/C to A/T) mutations in the absence of selection due to differential repair efficiencies (47 ) . G to A and C to T mutations are the most frequently observed explicit or inferred SNPs, accounting for approximately 28% of all changes ( Figure   4 ). There are some differences in the relative abundance of nucleotide substitutions for genomic versus coding sequence changes; comparing explicitly annotated SNPs, including both SNPs found in coding and non-coding regions, to those inferred from amino acid changes reveals that G to C, C to G, T to A, and to a lesser extent, T to G mutations are slightly overrepresented in mutations within coding sequences but exhibit the same overall bias towards transition mutations (data not shown).
When examining mutations affecting codon sequences, the possible residue changes are only sparsely sampled in the curated mutational data ( Figure 5A ). The majority (91.1%) of these amino acid changes require only a single SNP, as shown in Figure 5B . The frequency of residue to residue changes is significantly inversely correlated with the number of SNPs required to convert between their underlying codons (Spearman R = −0.64, P = 6.8 * 10 −52 ).
Experiments relying on natural mutation mechanisms or error-prone PCR are particularly impacted by this effect, given the rarity of multiple nucleotide changes within the same codon and the natural error buffering of the genetic code (48 ) . High throughput genome engineering using synthesized DNA followed by selection (9 , 34 , 49 ) is being used on a larger scale to circumvent this limitation, as a considerable number of annotated residue replacements now require a minimum of two or three nucleotide changes. These approaches may therefore improve the accessibility of high fitness genotypes and the effectiveness of saturation mutagenesis (50 ) .
Predicted changes in free energy associated with recorded residue changes suggests that the majority of mutant proteins are slightly more stable than their original polypeptides with the median ddG being -0.49 kcal/mol using the INPS method (24 ). Since protein stability is evolutionarily fine-tuned to ensure proper folding but with sufficient flexibility to accomplish substrate binding or catalysis (51 ), these data imply some degree of functional disruption for the variant proteins, especially given the statistically significant overrepresentation of missense mutations in DNA-binding motifs (4.28-fold overrepresentation by Fishers exact test, P = 1.24 * 10 −28 ). Additional study is needed to better understand the precise impact of these coding sequence changes before firm conclusions can be drawn about their cellular impact. The Resistome also provides a tool to combine the predicted effect of amino acid replacement, calculated using SNAP2 (23 ), with a visualization of recorded mutations within a protein sequence of interest (e.g. Figure 6 ) to aid researchers in selecting additional sites for mutagenesis.
Evaluating phenotype interactions and predicting traits
Based on our analysis of resistant mutants so far, weaving together a cohesive, mechanistic understanding of how a set of observed genotypes creates the linked phenotypes remains a daunting challenge. Some phenotypes, particularly those involving antibiotic resistance, have well-defined targets and resistance mechanisms (22 ) ; others affect a wider array of cellular components and accordingly their genotypes are harder to predict (4 , 52 , 53 ) .
This complexity fundamentally arises from the mutations themselves, interactions with host background and co-occurring mutations, and peculiarities associated with the environment used for selection that may be undocumented or unknown altogether. Mutants evolved for complex phenotypes often exhibit pleiotropy as a consequence of these factors and may not be reproducible even when ostensibly repeated under nominally identical conditions (7 ).
While it may be impractical to accurately predict the phenotypes or genotypes of specific resistant mutants, having statistical evidence of a relationship between phenotype classes may allow researchers to better target their strain characterization efforts once resistant mutants have been identified. One route to assess the possibility of an interaction is to evaluate the significance of the number of shared genes between phenotype category pairs using Fishers exact test for an E. col i-sized genome, as shown in Figure 9 ). While this approach does not account for the actual biological processes perturbed, it nonetheless provides additional support for the pervasiveness of pleiotropy among resistant mutants. Collateral antibiotic resistance, in particular, may be a side effect of phenotypic improvement due to overlaps with oxidative, thermal, and acid resistance. Definitive assessment of collateral phenotypic interactions will require screening mutants against a battery of stress conditions to determine their complete set of resistance traits, as it is rare that adaptive mutants are comprehensively screened to determine their traits, with some exceptions (21 ) .
Inhibitors do not impose a single type of stress on an organism; rather, each mutant genotype triggers a constellation of cellular changes to yield the corresponding phenotypes in each mutant. While rendering mechanistic prediction of phenotype from genotype is challenging, statistical models based on neural networks offer an alternative for the prediction of phenotypes from genotype datasets (54 ) . Our attempts to train neural networks to predict phenotype class from the genotype generally resulted in prediction accuracies on the order of 55-70% ( Figure 10A ). This level of accuracy is low compared to that expected from most neural network applications with more training data (55 ) , and the correlations between phenotype class predictions presented in Figure 10B are generally negligible despite there being known correlations between some phenotypes (56 , 57 ) . Model overfitting due to the small size of the Resistome and data resampling is likely the cause of these issues, as it would result in models that generalize poorly to new genotypic data; for comparison, DCell, a neural network-based approach for predicting growth rate from Saccharomyces cerevisiae genotype, relied on a training dataset containing up to 8 million standardized genotype-growth rate measurements (54 , 58 ) , in contrast to the approximately 13,000 Resistome mutants with heterogeneous fitness metadata. Developing predictive and generalizable phenotypic models along the lines of the used for DCell will probably require additional genotype-phenotype data with quantitative fitness scores, generated using high throughput resistance screening.
Conclusions
This work marks the release of a significant enhancement of the Resistome, both in terms of additional genomic and transcriptomic data added and a web interface to simplify access to the database. After reviewing the properties of curated mutants and biological processes affecting phenotype expression at a high level using this expanded corpus, the genomic, proteomic, and regulatory signatures of resistance were systematically explored to better define how our ability to improve phenotypes may be impacted by the underlying biological constraints at each level of cellular organization. Phenotype interactions viewed through the lens of genes shared between mutants exhibiting distinct resistance traits supports our original conclusion that pleiotropy is endemic among resistance mutants, and more extensive phenotypic screening is needed to identify collateral phenotypes when engineering more robust industrial biocatalysts or characterizing medically-relevant isolates. Attempts at phenotype prediction using neural networks were unable to reproduce this inferred pleiotropy, and the trained models appeared to overfit the small training dataset available and did not capture known phenotypic overlaps between resistance categories.
Several potential routes for addressing these limitations through database expansion were identified in the course of this study. Adopting a standard for disseminating E. coli genotypes would be helpful for future curation efforts and contextualizing data as updates are made to biological databases over time, and could be as simple as ensuring raw data is deposited into the NCBI sequence read archive and distributing genome difference files generated using tools like breseq (59 ) as supplementary datasets. Being able to identify complete genotypes using long-read sequencing technology within mixed populations of unknown composition would also enable rapid identification of epistatic interactions between distant mutations without requiring low-throughput single isolate analysis. Given the small fraction of Resistome mutants with multiple mutations, this step appears to be rate-limiting compared to genome-scale libraries were dynamics can be tracked by easily sequenced barcodes. At the same time, genome engineering technologies leveraging DNA synthesis, CRISPR-Cas9 genome editing, and barcoding are particularly promising for in vivo multiplexed random mutagenesis that may offer an alternative to purely random selections that are easily interrogated using common sequencing methodologies.
Future expansion of the database will focus on incorporating larger-scale studies generated using these advancements in genetic engineering and omics technologies, including metabolomics and proteomics datasets as they become more commonly available (17 , 60 ) .
Regardless of the specific advances in synthetic biology, it seems certain that our abilities to engineer mutants and interrogate the biological underpinnings of their traits will continue to expand rapidly. Much like the revolution currently underway in machine learning-guided industrial metabolic engineering, flexibly collecting and combining these data streams using tools such as the Resistome with advances in machine learning offers one potential route to achieve the long-sought after goal of predicting and rationally engineering complex phenotypes. 7. Kram, K. E., Geiger, C., Ismail, W. M., Lee, H., Tang, H., Foster, P. L., and Finkel, S. E. Figure 6 : Combining functional predictions for amino acid replacement obtained from SNAP2 with deposited mutations for B3261 (fis). White boxes indicate the wild-type residue in the original sequence, and yellow stars indicate that a given mutant residue occurs in a Resistome mutant. Potential replacement residues on the leftward y-axis are colored according to their predicted effect on protein function; the more negative the score, the stronger the prediction of replacement neutrality. Conversely, more positive scores indicate a higher predicted likelihood of the mutation impacting protein function. 
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